I
nvestigations of subjective wellbeing span the social-science disciplines [1] [2] [3] [4] [5] . Subjective wellbeing has also become the focus of governments and international organizations who see it as an important target for government policy alongside the more traditional focus on national income. For example, the United Nations released the first World Happiness Report in 2011 alongside the Organisation for Economic Co-operation and Development (OECD) launch of the Better Life Index. Unfortunately, compared with data about national income-which have been collected since the 1930s in many nations-analyses of subjective wellbeing suffers from a considerable shortfall in the availability of long-run data. Historical approaches have computed national income statistics as far back as 1820, courtesy of the Maddison Project 6 , and we have centuries of additional data for some nations 7 . By contrast, consistent measures of subjective wellbeing have been collected only since the 1970s.
Our goal here is to present and validate a reliable historical measure of national subjective wellbeing going back 200 years, enabling direct comparisons with GDP and other long-run data, such as longevity, internal conflict and democratization. To do this, we derived a National Valence Index (NVI) from the words used in historical texts. In addition to other corpora that are described below, our main index was drawn from the Google Books corpus 8 , which is a collection of word frequency data for over 8 million books, providing a digitized historical record of more than 6% of all of the books that have been physically published 9 . We use the words published in these books to compute subjective wellbeing at a given time by using affective word norms to derive sentiment from text. Affective word norms are ratings provided by groups of individuals who examine a list of words and rate them on their valence, indicating how good or bad individual words make them feel. Using these ratings, we worked through millions of books, enumerating the complete published list of Google Books by year and by language. Here we present these data for four countries: United States, United Kingdom, Germany and Italy.
Our approach has previously been shown to enable the prediction of economic, political and cultural trends, including recovering large-scale opinions about political candidates 10 , predicting stock market trends 11 , understanding diurnal and seasonal mood variation 12 , detecting the social spread of collective emotions 13 , predicting depression in medical patients 14 and understanding the impact of events with the potential for large-scale societal effects, such as death of celebrities, earthquakes and economic bailouts 15, 16 . Our specific approach is directly supported by a study of 17 million blog posts 17 , which found that a simple calculation on the basis of the weighted affective ratings of words was highly accurate (70%) at predicting the mood of blogs as provided by the bloggers themselves. Words with positive valence are therefore taken to indicate positive connotations for the subjective wellbeing of the user, and those with negative valence are taken to have an equivalent negative connotation. This might not be true for any individual chosen at random or for any individual word in context, but the power of large data is that idiosyncratic noise is averaged out when averaging over many authors and words.
Results

Comparison of the NVI with survey-based measures of wellbeing.
To validate the NVI, we first compared it with existing survey-based measures of subjective wellbeing. The measure of life satisfaction that we took as the ground truth was the average per year and per country data obtained from the Eurobarometer survey, which was conducted by the European Commission. The question answered was 'On the whole, are you very satisfied, fairly satisfied, not very satisfied, or not at all satisfied with the life you lead?' , coded on a four-point scale from 'very satisfied' to 'not at all satisfied' . To facilitate the reader's intuition, we reversed the code so that a lower number corresponded to less satisfaction. The Eurobarometer survey is the oldest survey available that is representative of the countries that we use. 
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Germany (102,795 interviews, with only West Germany covered before 1990) and Italy (103,789 interviews). Figure 1 shows the relationship between the NVI and aggregate life satisfaction derived from Eurobarometer data for the corresponding country. The data are presented in the form of residuals after controlling for country fixed effects and have a positive Pearson's correlation of r(102) = 0.53, P < 0.001, 95% confidence interval (CI) = 0.37-0.66. Although the United States is not included in the Eurobarometer survey, there are fragmented life satisfaction data available from the World Database of Happiness that are positively correlated with the NVI; these data are provided in Supplementary Fig. 5 . The analysis presented in Table 1 shows that the positive relationship is robust to the introduction of GDP, using GDP per capita data obtained from the Penn dataset (version PWT 8.0) 18 , in which data are in 2005 international dollars and are adjusted for purchasing power parity. Moreover, the inclusion of year fixed effects (Table 1 , column 1), to control for the possibility of biases generated by shocks common to all of the countries in the dataset, and countryspecific trends (Table 1 , column 2), do not qualitatively change the main result. In all cases, the coefficient on the NVI is positive and significant. NVI is also a better predictor of Eurobarometer life satisfaction than either GDP (Pearson's r(102) = 0.36, P < 0.001, 95% CI = 0.17-0.52) or life expectancy (Pearson's r(102) = 0.15, P = 0.12, 95% CI = −0.04-0.34); each of these variables was computed after controlling for country fixed effects. Supplementary Table 2 provides an alternative approach and robustness check by comparing the annual change in Eurobarometer life satisfaction and the annual change in NVI and GDP.
As a further validation, consider the following nonparametric exercise: if our measure is valid, then the average valence of all of the words (obtained from the Google Books corpus for each of the three countries) that have a frequency correlated significantly and positively with life satisfaction (obtained from the Eurobarometer data) should be significantly higher than the average valence of the words that have a frequency correlated significantly and negatively. We find that this is indeed the case. The analysis is described in more detail in the Supplementary Information and the results are provided in Supplementary Fig. 3 .
Historical analysis. In Fig. 2 , we show the NVI for the United Kingdom, the United States, Germany and Italy from 1820 to 2009, which is the last year that is currently available from the Google Books corpus. The red vertical lines represent key political events in each country as indicated in the figure caption. The relationship of these political events with NVI supports a contemporary historical understanding of the impacts of these events on subjective wellbeing. Internal conflicts, such the American Civil War, the 1848 Year of Revolution in Europe and the two World Wars, coincide with decreases in the NVI for the countries affected. The peak in the US data in the 1920s followed by a downward trend after the Wall Street crash in 1929 supports the view that the crash followed a period of over-optimism in response to sustained economic prosperity. As our data are drawn from published text, it may be subject to censorship. Although we use the Polity IV democracy variable in Table 2 in an effort to control for this, no control can be perfect; the case of Germany in the 1940s, when negative portrayals of the Nazi regime were censored, is a case in point. Our prior knowledge of this censorship suggests an overstatement of the NVI during that time in Germany. The democracy variable is provided in Supplementary Table 3 .
In Table 2 , we compare the NVI to the two welfare indicators for which the longest series of data are available-GDP and life expectancy at birth-with both showing a positive relationship with the NVI (Table 2 , columns 1, 2 and 3). We also investigated the effect of internal conflicts, which show a negative relationship that is consistent with the data in Fig. 2 and as we would expect ( Table 2 , column 4). To account for potential lags between changes in the key variables and the appearance of their influence in published text, we empirically determined the lags for each variable on the basis of their influence on the NVI (details are provided in section 2 of the Supplementary Information and Supplementary Tables 4-6).
As is common in the economics literature, for historical GDP, we used data from the Maddison Project (http://www.ggdc.net/ maddison/maddison-project/home.htm, 2013 version) in which data are in 1990 international dollars. The results presented in Table 1 do not change qualitatively if we use data from after 1972 from the Maddison Project instead of from the Penn dataset. The other main explanatory variables are the historical data on life expectancy at birth and on internal conflict-which indicates each year of major conflicts that directly affect the domestic population, such as internal unrest or invasions-both of which were obtained from the OECD and include data from 1820 onwards 19 . The NVI is a statistically significant predictor in an ordinary least squares estimate with country fixed effects of aggregate life satisfaction. The dependent variable is average life satisfaction per country and year, obtained from the Eurobarometer survey-based measure. The period covered is 1973 to 2009, the period over which both measures exist. The countries considered are Germany, Italy and the United Kingdom, the three countries for which both datasets exist. GDP per capita (expressed in terms of purchasing power parity) was obtained from the PWT 8.0 dataset. Column 1 includes year fixed effects (to help to deal with spurious correlations over time) and column 2 includes country-specific trends (to help to deal with spurious correlations across countries). Robust standard errors clustered at country levels are given in brackets. **P < 0.05, ***P < 0.01. Full statistical information for this table is provided in the Supplementary Information.
Other variables that we used as controls include educational inequality (measured as a Gini index, which we used as a proxy for the inclusivity of the demand for books within society) and the index of democracy (from the Polity IV project of the OECD) 19 . Finally, we introduced the share of words in the corpora for which we have the valence measures. The data are further summarized in Supplementary Table 1 .
The NVI is probably affected by the market for literature and, more generally, by the evolution of literature and language (Supplementary Information). Over the long run, as the target for a typical published book moved from the wealthy elite to the general public, the content of these books changes. Moreover, patterns in literary style changed considerably in the early part of the nineteenth century with the advent of literary realism and social commentary. To help to deal with problems of this sort, we included control variables that were specifically chosen to correct for year-on-year trends. This is reflected in two alternative econometric specifications presented in Table 2 that correspond to two different hypotheses on the evolution of literature and language. One model, which controlled for year fixed effects (Table 2 , columns 1, 2 and 3), assumes that the market for books and language itself evolved in a similar way across the different countries that we considered and controls for this change. The other model ( Table 2 , column 4), which introduces country-specific trends, assumes that the evolution of the market for books and of language itself affects written texts of different languages differently. Therefore, by including country-specific trends, we corrected any source of bias to the extent that it generates roughly linear trends. Our results show that these two models generate similar findings. Note also that as year fixed effects are potentially correlated with the years in which internal conflicts took place owing to the likelihood of spillover effects from such conflicts from one country to another, we cannot include both year fixed effects and a measure of major conflict in the same regression. We therefore introduced internal conflicts only in column 4, in which the model with country-specific trends is presented.
Looking more closely at the results presented in Table 2 , we note that in column 1 and 2, the effects of GDP per capita and life expectancy are both positive and significant, respectively. In column 3, in which we introduced both simultaneously, the effect of life expectancy becomes smaller and non-significant, which probably reflects the high level of collinearity between the two variables. The internal conflict variable in column 4 is negative and significant. We also performed an analysis of possible stochastic trends (including appropriate augmented Dicky-Fuller tests) that might affect the regressions presented in Supplementary Tables 1 and 2 , further supporting the results presented here.
A key contribution of the NVI is the ability to quantify historical indicators of psychological wellbeing. For example, Table 2 
Discussion
Using conventional regression analysis and nonparametric methods, we show that the NVI is highly consistent with existing wellbeing measures going back to 1973. This indicates that, on average, the valence enshrined in literature matches the mood of the population as represented in published books. We further validate our measure by showing a relationship with variables that are known to have a relationship with wellbeing, such as conflict, life expectancy and GDP, going back to 1820.
The NVI highlights a number of interesting patterns. For example, there is a rise in subjective wellbeing in Italy and Germany since the 1900s matched by a comparative decline in the United Kingdom and the United States. However, since the 1970s, all four nations-with the possible exception of Germany-have seen a steady rise in subjective wellbeing. Internal and external conflicts represent considerable shocks to subjective wellbeing, but people tend to bounce back following these shocks even if they do not always return to their precise prior levels. These observations currently stand as hypotheses; however, the NVI enables these types of observations by presenting psychological history in a format that is available for explanation. An extended overview of how the NVI has changed in response to major historical events is provided in the Supplementary Information.
It is worth commenting on the relationship between the NVI and historical GDP in light of the controversy surrounding the link between national income and national happiness, referred to as the Easterlin paradox 3, 20, 21 . According to the Easterlin paradox, happiness changes in direct response to temporary changes in income both within and between nations, but does not show long-term trends upwards with rising national income. In our analysis, we found a positive relationship between GDP and NVI as a function of localized change. However, the size of the coefficient is relatively small; a substantial increase in GDP over a short time period would be needed to generate a significant increase in the NVI. Our time series do not feature any clear trends in long-term wellbeing despite the well-known steady increase of GDP in all of the countries over the period considered here. This reinforces the point that the overall impact of GDP is relatively small and subjectively relative to historically recent events. As we did find a significant relationship between NVI and GDP, albeit quite small in size, we consider that our findings are neither inconsistent with the Easterlin paradox nor with studies that found a significant relationship between GDP and subjective wellbeing. However, it is worth noting that Easterlin's key work usually considers happiness rather than life satisfaction, whereas our findings are based primarily on life satisfaction. Importantly, life satisfaction may react more to income than measures such as happiness 22 . Language evolved considerably throughout the period considered here, and it changes according to who is writing and the markets that drive information evolution more generally [23] [24] [25] . This problem is similar, in essence, to the problem of comparing economic growth and income levels across many centuries when lifestyles have changed beyond recognition. In the Supplementary Information, we show that the results presented here are corroborated by alternative indices created from other independent corpora including 'Find My Past' data from the British Library's 'British Newspaper Project' , which covers 65 million newspaper and periodical articles from the United Kingdom across 200 periodicals going back to 1710, the US English Corpus of Historical American English, which includes 400 million words from 1810-2000 and two alternative indices derived from SenticNet data, pleasantness and polarity.
Caution is needed when considering any long-run socioeconomic data. In all cases, there is a need for what historians call a 'close read' of the historical data. Nonetheless, the utility of having longrun data is hard to overstate. Consider, for example, urbanization, cultural and political dynamics, increased technological advances (such as mechanization, computerization, mobile telephony and the Internet) and countless other important changes, all of which have made intertemporal comparisons of national income challenging but have not prevented the development and widespread use of historical measures of GDP to inform the influences on and impact of our economic history 26 . By generating an economic indicator of historical subjective wellbeing, we provide a measure of quantitative psychological history to the list of important economic indicators.
methods
Historical corpora. We used the largest available sets of affective word norms for four languages: English (British), English (American), German and Italian. To enable comparison across languages, all of our valence norms contain a subset of approximately 1,000 words adapted from the ' Affective Norms for English Words' 27 (ANEW), which are words chosen, in part, because they capture the range of emotional sentiment. The original ANEW list served as the basis for developing valence ratings for each of the other languages in our study. Here we exclusively used the mean valence rating of words. The Google Books corpus also includes additional languages. For example, French and Spanish are included in the corpus and valence is available for these two languages, but our ability to draw sensible inferences for these countries was hampered by the market for books in French and Spanish outside France and Spain. In Supplementary Fig. 1 , we present a sample of the words covered in all of the languages that we considered. In the Supplementary Information, we also show that our results are supported by alternative methods for computing historical sentiment, including using only the most stable historical words (which are more resistant to changes in meaning over time), computing time-locked valences for each word and using independent valence norms from the alternative AFINN 28 word norms (Supplementary Tables 7-11 , Supplementary Fig. 9 ).
Valence norms. For English, we used the affective rating norms 29 . These norms are a database of nearly 14,000 English words, all rated on a valence scale of 1 to 9. Each word was rated by 20 participants and the mean valence rating was used for the purpose of our study. These ratings have high reliability and represent an important resource within psychology. The 14,000 words in the database contain a subset of the 1,034 ANEW words. For German, we used the affective norms for German sentiment terms 30 -a list of 1,003 words-and German translations of the ANEW list. The valence ratings were collected on a scale of −3 to +3. The mean values were adjusted to reflect a scale of 1 to 9 in our analysis. For Italian, we used an adaptation of the ANEW norms 31 , which contains 1,121 Italian words; as with the English words, the ratings were collected on a scale of 1 to 9.
The NVI. Using our historical record and word valences, for each language i we computed the NVI, NVI i,t , for each year t and language i as follows
v j;i p j;i;t where v j,i is the valence for word j in language i, and p j,i,t is the proportion of word j in year t for the language i. The proportion is computed each year over the words in the corpus for which we have valence ratings. Although the Google Books 
Data analysis
The Stata code used for anaysis in this study are provided along with the data at the location described below.
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The data and code necessary to reproduce the analyses presented in this article are available at https://github.com/warwickpsych/NationalValenceIndex.
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